Abstract-
INTRODUCTION 33
Despite the significant development of the prosthetic hand industry over the past decade, 34 high-accuracy commercial prosthetic hands are still quite expensive (Ottobock, 2013) . In 35 fact, the complicated control algorithm and exclusive hardware that are incorporated into 36 hand prostheses render them unaffordable for amputees, most of whom are from the working 37 class of society or from below middle-class. Moreover, available cheap prostheses are either 38 recognizes one of several predetermined classes, which represent certain motions including 54 elbow flexion and extension. The pattern recognition approach either defines a specific 55 motion that is relative to the current position or an entire range of motion to be performed. 56
Once it is activated, it cannot be altered. Figure 1 depicts the different steps in pattern 57 recognition-based MCS. 58
To improve the functionality of the prosthesis control system, two important factors should 59 be considered in development: feature extraction accuracy and classification performance. 60
Several feature extraction approaches are specifically relevant to EMG data [16] . In line with 61 the main objective of the current research, which is to develop a simple and accurate MCS for 62 affordable prosthetic hands, time-domain (TD) features are applied. 63 This study, intends to propose a comparative pattern-recognition approach for the 126 classification of hand movements in a manner in which the functionality and accuracy of a 127 myoelectric prosthetic hand control system can be improved. Investigation and evaluation are 128 first conducted on the feature extraction methods for the proposed simple and accurate multi-129 feature (Hudgins et al., 1993 ). An optimal multi-feature method through doing a comparative 130 study using scatter plots and Fuzzy C-mean clustering will be investigated. These features are 131 then inputted into ANFIS and ANN classifiers. Furthermore, the classification outcome is 132 evaluated based on classification accuracy, learning time, and classification time. The 133 superior classifier is determined and confirmed by a statistical analysis using T-test. Finally, a 134 simple, computationally efficient MCS for a multifunctional prosthetic hand is 135 recommended. Figure 2 shows the methodology scheme of this research. 136
METHODS AND MATERIALS 137

Subjects and data acquisition 138
The EMG datasets applied in this work were obtained from the University of 
150
In this study, data were gathered from four normal-limb subjects. Two SEMG channels were 151 used to discriminate four hand movements from each subject. 152
Data Segmentation 153
Prior to feature extraction, data should be handled such that accuracy and response time are 154 improved because the use of data as feature extractor inputs is impractical. Therefore 
Feature Extraction 165
For a classifier to be computationally efficient, it must employ a feature extraction method 166 that quantifies large datasets into a small number of features that optimally distinguish a 167 certain set of data from other sets. A classifier can then group that dataset with related ones. 168
A wide spectrum of features has been introduced in literature for myoelectric classification. 
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Zero Crossing (ZC) 186
Zero crossing (ZC) is a measure of frequency information of the EMG signal that is 187 defined in time domain (Hudgins et al., 1993) ; the calculation is defined as 188
(2) 189 (4) 196 
Fuzzy C-mean Clustering Method 216
Fuzzy c-means (FCM) is an iterative data clustering technique in which a dataset is 217 grouped into n clusters with every data point in the dataset belonging to every cluster to a 218 certain degree. This iteration is based on minimizing an objective function that represents the 219 distance from any given data point to a cluster centre weighted by that data point's 220 membership grade. It starts with an initial guess for the cluster centers, and then FCM 221 iteratively moves the cluster centers to the right location within a data (Figure 4) . Formally, 222
Classification of Hand Movement 234
To recognize four hand movements, the output of FCM is inputted into the ANFIS. In parallel, 235 NN clustering and ANN are employed as the second and comparative classifiers, respectively. 236
ANFIS 237
ANFIS was first introduced by (Jang, 1993) . It is composed of three abstract components: a 238 fuzzy rule base that includes a set of fuzzy if-then rules, a database that identifies the 239 membership functions used in the fuzzy rules, and a reasoning mechanism that conducts an 240 inference procedure on the rules to obtain a reasonable output or conclusion (Kandel, 1992 LDA, and k-NN classifiers because the dataset is large enough. Moreover, the potential 259 computational time is minimized. ANFIS is implemented with four subjects. Furthermore, a 260 subtractive clustering method is employed to determine the number of fuzzy system rules. BP 261 and LMS algorithms are also utilized for membership function parameters and rule outputs, 262 compound features. As shown in Equation (9), this system is an order 2 Sugeno-type system; 264 that is, two SEMG channels are considered inputs for each subject. In addition, the output for 265 each rule is determined using the LMS method. 266
Design of the ANN Classifier 267
ANNs were first studied by Rosenblatt, who applied single-layer perceptrons to pattern 268 classification learning (Rosenblatt, 1962) . A typical ANN is also known as a multi-layer An ANN paradigm consists of a structure, a training algorithm, and an activation function. 276
The structure describes the connectivity and functionality among neurons, and the training 277 algorithm indicates the method used to determine the weights associated with each link. BP is 278 one of the most commonly used algorithms to implement this training (Fielding, 2007) 
343
In addition, the four movements that were verified in this study, including wrist 344 flexion/extension, are more complex than those reported in similar works, such as in 345 (Favieiro & Balbinot, 2011) . In these studies, wrist flexion and extension have been applied 346 as two separate classes to simplify classification. Furthermore, large data sequences 347 (normally more than 200 ms) were used in most researches, such as in (Karlik et al., 2003) . 
Statistical Analysis of Classifiers through T-test 363
In 
